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Abstract 
In this paper, we examine the freight scheduling problem and the design of decision support systems in rail transport. We present 
an intelligent control system that solves the engine and crew scheduling problem. The problem of freight scheduling is modelled 
as an assignment and optimization problem and solved using two different algorithms: the method of auctions and the simulated 
annealing method. The algorithms were adopted in order to optimize the solution while accounting for domain-specific features 
of rail transportation technology. A comparative evaluation of the two approaches allowed us to design a hybrid combined 
method which we apply in the development of an intelligent transport control system for scheduling rail traffic across the East 
Siberian Railway. 
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1. Introduction 
Decision support systems in rail transport have been gaining importance in recent years. The pressing demand in 
intelligent railway traffic management systems is driven by the need to reduce costs and improve the profitability of 
transportation networks. Optimal traffic scheduling is one of the most complex problems in rail transport control; it 
is made especially poignant by the fact that the scheduling is currently done by human dispatchers with great 
expense of time and labour. 
This paper discusses in some detail a problem which the authors have been researching in connection with the 
development of the Intelligent Control Systems in Railway Transportation project (ISUZhT) for Russian Railways. 
The project, which is designed to solve the freight scheduling problem, includes as one of its subproblems the task of 
optimal freight scheduling and assignment of so-called hauling resources (engines and engine crews) to trains. In this 
paper, we consider two algorithms which have been used to solve the problem in question, modelled as an 
assignment and optimization problem: the auction method and the simulated annealing method. We will discuss the 
rationale of using these algorithms, make a comparative evaluation of the results, and present a hybrid combined 
method which we effectively applied to the solution of the scheduling problem. 
2. Problem description 
2.1. Freight scheduling problem 
One can see an illustration of the freight scheduling problem in Figure 1. Data specifying the location of trains, 
engines and crews at the beginning of the planning period is fed to the input of the freight scheduling module, which 
performs the assignment of hauling resources to trains. All planning entities are initially either in transit (in this case, 
the train already has an engine and a crew attached to it), or located at stations (in this case, the train requires a 
change of engine or crew). 
 
Fig. 1. Illustration of the freight scheduling problem. 
For every train in transit, the scheduler analyzes its current location, determines the stations which it can reach with 
the attached hauling resources (i. e. without changing the engine and crew), and chooses the station where new 
hauling resources have to be attached to the train. After this, the scheduler must obtain the list of trains in need of 
new hauling resources, the list of available engines and the list of available crews. For trains from the first list, an 
optimal attachment of engines and crews from the other two lists must be found, that is, an assignment providing the 
best realization of the railway traffic management problem with the specified constraints and complying with 
technical regulations pertaining to engine and crew operation. 
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2.2. Conversion to the assignment problem 
To provide a mathematical formalization of the problem, we convert it to an assignment problem. Assignment 
problem is a standard mathematical problem; it is a typical example of a combinatorial optimization problem. In 
general, it can be formulated as follows: 
Let there be a set of N jobs and a set of M employees who can execute these jobs. Every employee can perform 
some portion P  of all jobs )0( NP dd . The efficiency of performing a job depends on the particular employee: 
some kinds of jobs can be performed better or worse. The goal is to allocate the jobs to the employees in such a 
manner that the total efficiency is maximized. 
A utility function ijU  is introduced for each pair ji employee,task . This function is the quantitative 
expression of the efficiency of assigning the given job to the given employee. Thus, optimization in the scope of the 
problem is to maximize the utility ¦ ijU  of all the assignments of jobs to employees, with the assumption that 
every employee is assigned a single job. 
It can be seen that the problem of attaching hauling resources to trains can be converted to the assignment 
problem. To reformulate the freight scheduling problem as a classical assignment problem, the trains which the 
hauling resources should be attached to can be construed as jobs (objects), and the hauling resources (engines and 
crews) can be construed as employees. The main goal of allocating jobs to employees is realized in this assignment 
problem as the requirement that trains are assigned an engine and a crew in a way that maximizes some utility. 
Several different engines and crews can be attached to fragments of a train route, due to limitations of crew 
running time, distance, engines’ power type, etc. Thus, the problem is in fact a sequential solution of assignment 
subproblems. Solving one assignment subproblem and attaching engines to some trains allows us to determine for 
each engine the nearest time when and the station where it could be assigned a new job (attached to the next train). 
This information, together with the locations of remaining unassigned fragments of train routes becomes the input to 
the next assignment subproblem. 
3. Calculating the utility function 
The main difficulty with this problem formulation is to define a utility function for the assignment pair 
engine,train  or crew,train . We will not dwell in detail on the calculation of the utility. These calculations 
are independent of the algorithm which we may choose for solving the assignment problem. Essentially, our 
approach is to base the utility function on a set of criteria that human dispatchers take into account in their current 
practice when selecting an engine or crew to be attached to a train. The following criteria have been taken for our 
engine utility function: 
x Engine journey time for the planned train route. 
x Time remaining until the next periodic engine maintenance, taking into account the journey time and the time of 
the engine relocation from the end station of the train route to the nearest station providing the required service 
type. 
x Idle time spent by the engine waiting for the train to arrive at the start station of the route. 
x The order of the engine’s arrival at the start station, relative to other assignable engines. 
x The direction of the train route (agreeing with the general flow of the railway’s bulk freight movement or counter 
to it).  
x Train priority, etc.  
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Fig. 2. Table of utilities ijU  for assignments of hauling resources jR  to trains iTr  
For a given assignment ji engine,train , we evaluate each criterion to produce a normalized numeric value 
siju )( . The utility of the assignment is calculated as the weighted sum ¦ 
s
sijsij ucU )( , where sc  is the weight of 
s -th criterion. The weights were established experimentally in the course of system tailoring and have not been 
changed for the purposes of evaluating the decision algorithms. 
The utility function for crew assignment is defined in a similar way. 
The utilities of available assignments can be put together in a table (see Figure 3). Note that meaningful utilities 
can only be calculated for such engines and crews which can at least in theory be assigned to the given trains. The 
cells of the table corresponding to “impossible” assignments shall be left blank. 
4. Decision algorithms 
The assignment problem is a special case of the transportation problem, which is in turn a special case of the 
linear programming problem. The general problem can be solved using the classical simplex method, but for special 
cases, specialized methods would yield better performance. We consider two different algorithms for solving the 
assignment problem. Our particular interest is in comparing their application to the freight management problem. 
4.1. Solving the assignment problem using auctions 
The auctions method of solving the assignment problem was proposed by Bertsekas and Castañon 2. The 
algorithm was originally designed for the asymmetrical assignment problem where the number of jobs is less than 
the number of employees. However, the algorithm can be easily adapted for the reverse case (where the number of 
jobs exceeds the number of employees), as well as for the symmetric case. In 3, Bertsekas and Castañon generalize 
the approach to a forward/reverse algorithm, but for the sake of simplicity, we limit the exposition in this paper to 
the forward-only variation. The basic idea of the algorithm can be described in this way (also, see 1): 
x The algorithm uses the concept of price: a value associated with each job (train, in our case) which indicates the 
“extra cost” that must be “paid” for the assignment of the best available employee (engine or crew) to this job. 
The value of an assignment is its utility taking into account the price of the job: iijij pUv  . 
x The algorithm proceeds iteratively until every train is assigned a hauling resource. In a single iteration, for every 
resource which hasn’t yet been assigned, the algorithm finds two trains with the highest value of assignment. The 
price of the highest-value train is then incremented by the difference of its value and the value of the second-best 
train. The resource is assigned to the highest-value train, and if it has been assigned some other resource, the 
previous assignment is cancelled. 
x The meaning of the change of price can be explained as follows. Consider a train iTr  and let jR  be the resource 
with the highest utility of assignment to this train. Suppose that jR  is already assigned to some other train 'iTr  
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and is the resource with the highest utility of assignment to that train as well. In this case, in order to reassign jR  
to iTr , it is necessary to cancel the previous assignment and find a new resource 'jR  to be assigned to 'iTr . But 
this shall decrease the total utility of all assignments by an amount equal to the difference between the best and 
the second-best assignment to that train, i. e. ''' jiji UU  . In order to prevent the total utility from decreasing, it 
is necessary to make the reassignment in such a way that the value of the best assignment to iTr  (that of jR ) 
would exceed the value of the second-best assignment by not less than the price of 'iTr .  
x In other words, engines can be said to bargain for trains, making fixed offers, but at the same time, prices of 
trains are constantly changing. 
A more detailed description of the algorithm, providing a justification of some auxiliary parameters that it uses 
and a rigorous proof of its convergence, is given in 2 and 3. 
4.2. Solving the assignment problem using simulated annealing 
The main advantage of the auction method is its ability to generate the precise optimal decision in a relatively 
short time. However, at the same time it has several disadvantages. First of all, it doesn’t extend well to the multi-
dimensional assignment problem. Second, certain technological requirements make it necessary to generate several 
near-optimal solutions one of which is then selected by some other evaluation criteria. For instance, the auction 
method cannot take into account the requirement of balancing the assignment of crews by home station. In this case, 
the total utility can not be calculated by simply summing elementary assignment utilities, because it is also 
necessary to consider the overall distribution of assigned crews. Consequently, we need to generate a set of near-
optimal solutions. A particularity of the auction method is that no complete (even if non-optimal) assignment exists 
at the intermediate steps of the algorithm, thus it is impossible to fulfill the additional requirement of generating 
multiple solutions. 
To overcome this difficulty, we have designed the system to use another algorithm, simulated annealing (SA)4, 
which received its name because its mode of operation is similar to the behavior of atoms in the crystal lattice of a 
metal which is subjected to heating and slow cooling. Atoms gradually tend to fall into a state with minimum energy 
under the given conditions, which corresponds to the search for a global minimum (or maximum) of some objective 
function. The SA method analogizes the heating of metal with the increase (and its slow cooling with the slow 
decrease) in the probability of accepting worse solutions while it explores the solution space. At each step, the SA 
heuristic considers some neighboring states of the current state, and probabilistically decides whether the system 
should be switch the system to another state or stay in the present state. Probabilistic transitions to a state with 
higher energy are allowed (which corresponds to jumping to a solution with utility that is farther from the 
extremum), which allows it to avoid getting stuck in a local minimum. 
Broadly speaking, the algorithm can be presented as follows: 
x The starting temperature and the minimum temperature are initialized, together with a temperature change 
function (in the simplest case, a linear decrease). 
x The first assignment of trains to hauling resources is chosen at random, and its total utility ¦ 
ij
ijUU  is 
calculated. 
x While the temperature is greater than the minimum value, a new state and its total utility are calculated (the 
function of the transition to a new state will be defined below). If the utility of the new state is greater than that of 
the current state, the state is switched to the new one. If the the new state has a lower utility, the state is switched 
with a certain probability: 
)exp(
t
P ' ,           (1) 
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where 01
UU  '
is the difference between the total utilities of the new and the current state, and t  is the 
current temperature. 
x Adjust the temperature according to the temperature change function. 
To obtain a new state from the current one, we choose at random a coordinate of the utility matrix (“trains” or 
“resources”) and any two assignments on this coordinate, and interchange them. The article 4 provides a more in-
depth discussion of the SA method. 
 
 
Fig. 4. Diagram of the Eastern Range 
5. Results 
5.1. The deployment of the freight management system on the Eastern Range 
To analyze the performance and compare the features of the two proposed decision algorithms, both were 
implemented in Java within the Intelligent Control Systems in Railway Transportation (ISUZhT) framework, which 
is being deployed for scheduling rail transportation on the Eastern Range of the Russian Railways network (see 
Figure 3). Planning was performed in a network of 350 stations. The typical length of train routes ranged from 5 to 
100 stations. The overall number of trains to be assigned would be about 2000. 
Figure 4 shows a screenshot of a dispatcher’s workstation. The traces on the plot designate train routes with 
hauling resource assignments. The dispatcher can easily see what engine or crew is attached to the particular route 
fragment by displaying the information about the train (the gray popup window). 
5.2. Comparison of the performance of the decision algorithms 
Research has shown that the optimization problem in freight scheduling can be solved by both algorithms under 
consideration. A comparison of their performance and features is shown in the table below. 
Test data which we used for the analysis approximate real-life traffic and distribution of hauling resources on a 
section of the East Siberian Railway from Taishet to Taksimo (the Baikal–Amur main line). The planning horizon 
for engine and crew assignment was set at 24 hours. 
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Fig. 5. Screenshot of dispatcher's interface 
Table 1. Comparison of the decision algorithms 
Criteria Auctions Simulated annealing 
Running time 36 sec. 3 min. 
Yields multiple solutions No Yes 
Sparse matrix support Manual verification is required 
for several special cases 
Significant increase in running 
time 
“Stretched” matrix support Good Significant increase in running 
time 
Accuracy adjustment No Yes 
Multi-dimensional assignment 
problem support 
No Yes, but causes increase in 
running time 
The scheduling program was run twice on the same dataset: in the first run, crew assignment was performed by 
the auction algorithm, in the second, by the simulated annealing algorithm. The main advantage of the auction 
method is in running time. It can be seen that scheduling is completed almost four times faster with auctions than 
with SA on these test data. The auction also shows better performance on data sets where the number of 
“employees” is substantially greater than number of “jobs”. For example, when a lot of engines and crews is 
available for some planning operation but the number of trains to is relatively small, the utility matrix is “stretched” 
(one of its dimension is much larger than the other). On the other hand, simulated annealing allows a great amount 
of flexibility when adjusting the accuracy of the final decision. If admissible solutions include a range of decisions 
with very similar total utility, simulated annealing can be run with its parameters adjusted to reduce the number of 
iterations, resulting in considerably smaller runtime without much of a loss in optimality. This is possible, e. g., 
when there are several assignable crews reporting for duty at their home station about the same time, so that it does 
not matter which crew will be assigned to a specific train. 
As we have already mentioned above, the simulated annealing algorithm can yield several decisions, from which 
the right one can be chosen according to some further criteria. The main advantage of simulated annealing is that it 
can be easily extended for the multi-dimensional assignment problem. In particular, the assignment of engines and 
crews to trains and of trains to slots can be performed at once using this method (a four-dimensional assignment 
problem). The downside would be that the running time of the problem would greatly increase in this case (the 
rough estimate is )( mnO , where n  is the maximum dimension of any one coordinate and m  is the number of 
coordinates). For that reason, additional heuristics would be required to achieve an acceptable time rate. 
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6. Conclusion 
Cost reduction and improved profitability of operated transport systems are the goals which drive the 
development of effective freight scheduling for the Russian Railways. In this paper, we have presented the current 
efforts toward designing an intelligent control system aimed at solving the freight scheduling problem. The problem 
was modelled as an assignment and optimization problem and solved using two different algorithms.  
The task of finding an optimal solution in rail transport is characterized by the complexity of the subject area 
which calls for a meticulous compliance with technological requirements, such as high noise tolerance and 
reliability. Two specialized algorithms were adopted for the specialized problem of engine and crews assignment in 
order to optimize the solution. The first approach was to use the auction algorithm, which allowed us to optimize the 
efficiency of the engine fleet usage in real-life conditions obtained from the operations data of the East Siberian 
Railway. The algorithm showed good convergence and efficient running time. The use of simulated annealing 
method apecialized to take into account technological constraints of railway operations provides greater flexibility in 
adjusting the accuracy of the resulting solution, which makes it possible to choose the best option from a set of 
acceptable solutions. Findings show that the latter algorithm allows to solve the problem as an extended multi-
dimensional assignment problem even if at a cost of significantly increased running time. 
We give a comparison of the two proposed approaches to the train scheduling problem, which allowed us to 
create an intelligent transport management system for the Eastern Range of the Russian Railways, based on a hybrid 
combination of both methods, specifically modified for the task at hand. 
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